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The subcellular localization (SCL) of proteins provides important clues to their function
in a cell. In our efforts to predict useful vaccine targets against Gram-negative bac-
teria, we noticed that misannotated start codons frequently lead to wrongly assigned
SCLs. This and other problems in SCL prediction, such as the relatively high false-positive
and false-negative rates of some tools, can be avoided by applying multiple prediction
tools to groups of homologous proteins. Here we present ClubSub-P, an online database
that combines existing SCL prediction tools into a consensus pipeline from more than
600 proteomes of fully sequenced microorganisms. On top of the consensus prediction
at the level of single sequences, the tool uses clusters of homologous proteins from
Gram-negative bacteria and from Archaea to eliminate false-positive and false-negative
predictions. ClubSub-P can assign the SCL of proteins from Gram-negative bacteria and
Archaea with high precision. The database is searchable, and can easily be expanded
using either new bacterial genomes or new prediction tools as they become available.
This will further improve the performance of the SCL prediction, as well as the detection
of misannotated start codons and other annotation errors. ClubSub-P is available online at
http://toolkit.tuebingen.mpg.de/clubsubp/
Keywords: subcellular localization prediction, signal peptide, clustering, protein homology, start codon prediction
INTRODUCTION
Gram-negative bacteria have a multi-layered cell envelope, which
consists of a symmetrical phospholipid bilayer (the cytoplasmic
or inner membrane, IM) and an asymmetrical bilayer comprised
of phospholipids and lipopolysaccharides (the outer membrane,
OM). These membranes are separated by the periplasmic space,
which contains a thin peptidoglycan layer as a cell wall (Gardy
and Brinkman, 2006; Bos et al., 2007). The IM is the bound-
ary for the cytosol; thus the Gram-negative cell consists of four
compartments (cytosol, IM, periplasm, OM). Each subcellular
compartment contains a deﬁned set of proteins to fulﬁll distinct
tasks.
To perform their functions at their native subcellular local-
ization (SCL), newly synthesized proteins must be sorted and
transported to their respective subcellular compartments. While
most of the newly synthesized proteins remain in the cytoplasm,
other proteins are inserted into the cytoplasmic membrane via the
signal recognition particle (SRP) and YidC pathways. Proteins are
targeted to the cytoplasmic membrane via the SRP pathway. YidC
acts like an additional insertase to fold and assemble a deﬁned
subset of these proteins in the cytoplasmic membrane (Luirink
et al., 2005). Proteins with native functions in the periplasmic
space and in the OM are secreted across the cytoplasmic mem-
brane into the periplasmic space by the Sec, TAT, or Holin (which
secretes autolytic enzymes during cell death; Saier et al., 2008)
secretory pathways. From the periplasm some proteins are further
translocated to the OM or across the OM via Type II secretion
systems (T2SS), T5SS, T7SS, and T8SS. Secretion systems such as
T1SS,T3SS,T4SS, and T6SS span bothmembranes and can secrete
proteins from the cytoplasm directly into the extracellular space
or even into the host cytoplasm (Desvaux et al., 2009).
The general secretion system (Sec; Desvaux et al., 2009) is the
most common pathway; it is conserved in all living organisms. In
Gram-negative bacteria, it translocates unfolded proteins across
the cytoplasmic membrane into the periplasmic space. The Sec
translocon recognizes signal sequences present at the N-terminus
of its substrate proteins. These general Sec signals are highly
conserved and consist of a positively charged N-terminal region
(n-region), a hydrophobic central region (h-region), and a polar
C-terminal region (c-region; Nielsen et al., 1997). Alternatively,
some folded proteins use the twin-arginine translocation (TAT)
pathway for secretion across the cytoplasmic membrane, which
recognizes its substrates through a modiﬁed general signal pep-
tide with an additional RRXFL motif found between the n-region
and h-region (Bendtsen et al., 2005). Typically,TAT signal peptides
are longer than general signal peptides. The secretion of lipopro-
teins is accomplished by another modiﬁcation of the general Sec
signal peptide pathway. Here a cysteine residue follows immedi-
ately after the signal peptide cleavage site; this signal peptide is
recognized and cleaved by lipoprotein signal peptidase (SPaseII or
Lsp) after the N-terminal cysteine is modiﬁed with a lipid moiety,
which anchors the protein to the membrane. Finally, an additional
fatty acid is attached to the new N-terminus (Juncker et al., 2003).
These proteins are then either retained at the cytoplasmic mem-
brane or translocated to the OM by the Lol lipoprotein-sorting
pathway (Lewenza et al., 2008). Although this sorting is assumed
to be based on the residue at the +2 position after the cleavage
site (Seydel et al., 1999), it has been shown that residues at +3 and
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+4 also play important roles in the sorting of these proteins in
Pseudomonas aeruginosa (Lewenza et al., 2008). So far, the detailed
patterns of lipoprotein-sorting remain unclear. A number of spe-
cialized secretion systems exist, each one typically translocating
only a small subset of proteins.
The SCL of proteins provides important clues to their func-
tion in the cell. Determining the SCL of proteins by experimental
means is accurate but time-consuming and expensive. As a result
of new and more efﬁcient sequencing technologies, the number of
newly deposited sequences is increasing exponentially, while the
number of proteins annotated with experimentally veriﬁed SCL
stagnates. Thus, computational SCL prediction is important and
has become indispensible in protein research, e.g., for genome-
wide SCL studies. There are two types of SCL prediction tools.
One type is predicting only the features speciﬁc to localizations,
such as signal peptides (Nielsen et al., 1997; Rose et al., 2002;
Juncker et al., 2003; Bendtsen et al., 2004, 2005; Hiller et al., 2004;
Käll et al., 2004; Bos et al., 2007; Szabó et al., 2007; Arnold et al.,
2009; Bagos et al., 2009; Löwer and Schneider, 2009), transmem-
brane helices (TMHs; Krogh et al., 2001; Tusnady and Simon,
2001; Käll et al., 2004), or transmembrane β-barrels (TMBBs;
Berven et al., 2004; Remmert et al., 2009). The other type is pre-
dicting the exact localization of a protein by combining various
localization-speciﬁc features (Su et al., 2007; Yu et al., 2010) or
general features like amino acid composition (Yu et al., 2006),
evolutionary information (Rashid et al., 2007), structure conser-
vation information (Su et al., 2007), and gene ontology (Chou and
Shen, 2006b).
It has been shown that the combination of different SCL pre-
diction tools increases the quality of the overall prediction signiﬁ-
cantly (Shen and Burger, 2007; Horler et al., 2009; Giombini et al.,
2010; Goudenège et al., 2010). Moreover, Imai and Nakai (2010)
recently reported that homology-based methods perform better
even on datasets with a low overall sequence identity cutoff, when
compared to state-of-the-art single-sequence SCL predictors.Mah
et al. (2010) used clustering information to optimize OM β-barrel
protein predictions in seven proteomes of Mycobacteria.
Our interest is predominantly in surface-localized proteins of
Gram-negative bacteria that could be exploited for vaccine devel-
opment. We found most single SCL prediction methods to be
either not useful or not sensitive enough for our bioinformat-
ics pipeline. Moreover, we found many proteins with misanno-
tated start codons. These are easily identiﬁed from the multiple
sequence alignments of homologous proteins but are hard to ﬁnd
on the level of individual sequences. The differences in start codon
predictions between orthologous sequences from closely related
organisms are typically a result of using different automated
gene prediction methods while annotating the sequenced genome
(Overbeek et al., 2007). These misannotations are a common
source of error in SCL prediction, especially since feature predic-
tion tools based on N-terminal signal peptides depend essentially
on accurate annotations of the translation start. Conversely, the
TMBB prediction tool BOMP uses a C-terminal β-barrel motif for
its predictions and thus relies on correctly sequenced stop codons
(Berven et al., 2004).
In this work, we developed a method called cluster-
based SCL prediction, or ClubSub-P, which combines different
localization-speciﬁc features and SCL prediction tools, using rules
based on the biology of protein sorting to annotate the SCL for
Gram-negative bacterial proteins. In contrast to other general SCL
prediction tools, it uses homology information taken from clusters
of orthologous proteins from different species to further increase
the conﬁdence of the prediction. Since we use information from
the whole cluster to increase the conﬁdence, we overcome the
problem of misannotation of start codons and thus increase the
speciﬁcity of themethod further. Performancemeasurementswith
ClubSub-P show that the additional use of homology informa-
tion from simple clustering increases the precision of our tool
over other state-of-the-art SCL prediction tools. Our tool relies
on an expandable database. The constantly increasing number
of sequenced genomes will, over time, allow us to cluster more
sequences, which will further increase the quality of homology
detection and thus, the precision of our predictions. To show how
easily the tool can be expanded to whole new organism groups,
we have included an additional module for the SCL prediction of
archaeal proteins.
MATERIALS AND METHODS
DATASETS
To create the ClubSub-P database (see Database, below), 607
Gram-negative bacterial proteomes (2,331,935 sequences) were
downloaded from the NCBI RefSeq genome database1 in July
2011. A non-redundant dataset was created using CD-HIT (Li and
Godzik, 2006) from the above sequences at 40% local sequence
identity, and at 80% sequence alignment coverage to the longest
sequence in the cluster. The “accurate and slow”mode was used to
ensure clustering of proteins into the most similar cluster, which
is not given when using the fast mode. Shorter sequences (<40
amino acids) were removed from the dataset for two reasons.
First, such short proteins are only annotated in very few bacte-
rial genomes and frequently do not show signiﬁcant homology to
proteins with experimentally veriﬁed SCL (Warren et al., 2010).
Second, even when there is available experimental data, small pro-
teins are frequently considered fragments and are removed from
datasets of many SCL prediction tools (Chou and Shen, 2006a),
making a consensus prediction impossible. The ﬁnal dataset,
which we named DB_ClubSub-P, contained 1,911,760 proteins.
The list of the downloaded proteomes and the accession num-
bers of the replicons are given in Data Sheet S1 in Supplementary
Material.
We used the Gram-negative bacterial protein sequences from
the training dataset of PSORTb v3.0.22 (Yu et al., 2010) to test
the clustering parameters. This dataset contains 8,227 protein
sequences with experimentally determined SCLs and we named
it DB_ePSORT.
To obtain a test set for the evaluation of the performance
of ClubSub-P, Gram-negative bacterial protein sequences with
experimentally veriﬁed SCL annotation were extracted from
UniProt Release 2011_07 (UniProt-Consortium, 2010). We wrote
a parser to extract Gram-negative bacterial protein sequences
with literature reference to their SCL annotations, but ignoring
1ftp://ftp.ncbi.nih.gov/genomes/Bacteria/
2http://www.psort.org/dataset/datasetv3.html
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sequences with “potential,” “by similarity,” or “probable” anno-
tations, sequences labeled as “Fragment,” or sequences with
“chromatophore” localization.
Sequences with ≤40 aa length were removed from this dataset;
we also removed sequences which have more than 40% sequence
identity to the PSORTb v.3 training dataset to allow an objective
comparison between the tools. Likewise, since the SCL tools used
in performance measure do not separately annotate lipoproteins,
we removed sequences with “lipid anchor” SCL annotation which
leaves 171 sequences for our DB_Experimental dataset.
SUBCELLULAR LOCALIZATION PREDICTION
Subcellular localization prediction using the DB_ClubSub-P
dataset was done on two levels. First, we combined different
prediction tools as listed in Table 1 for localization-speciﬁc
features, and SCL prediction tools based on known biological rules
as shown in Table 2, to annotate the SCL of each single protein
in the DB_ClubSub-P dataset. Figure 1 displays the procedure in
form of ﬂow chart. Second, we clustered all protein sequences and
combined their SCL annotations into a consensus SCL prediction
for each protein cluster.
Consensus subcellular localization at the protein level
Consensus signal peptide prediction. Signal peptide predictions
for Lipoprotein signals, TAT pathway signal peptides, general
secretory signal peptides, T3SS signal peptides and T4SS sig-
nal peptides were done on all proteins in the DB_ClubSub-P
dataset. A lipoprotein prediction was considered positive when
Table 1 | List of SCL and feature specific tools used in the prediction pipeline.
Tools Features
of SCL**
Used for‡ Signal peptide
prediction modes
Prediction threshold (default
threshold from the predictors)
References
LipoP1.0 SPII Archaea and Gram− Gram-negative
bacteria
Best prediction: SpII Juncker et al. (2003)
Tatp 1.0 TAT Archaea and Gram− Bacteria Twin-arginine motif and MaxDscore
>0.36
Bendtsen et al. (2005)
TaTFind 1.4 TAT Archaea and Gram− Prokaryote Rules 3a, 3b, or 4* Rose et al. (2002)
SignalP 3.0-NN GSP Archaea and Gram− Gram-positive and
Gram-negative
bacteria
MaxDscore >0.44 Bendtsen et al. (2004)
SignalP 3.0-HMM GSP Archaea and Gram− Gram-positive and
Gram-negative
bacteria
SP probability >0.5 Bendtsen et al. (2004)
Predisi GSP Gram− Gram-negative
bacteria
Prediction score >0.5 Hiller et al. (2004)
RPSP GSP Gram− Prokaryote Positive SP prediction Plewczynskia et al. (2007)
Phobius GSP, IMP Archaea and Gram− – Positive SP prediction andTMH
prediction
Käll et al. (2004)
TMHMM 2.0.0 IMP Archaea and Gram− – Positive TMH prediction Krogh et al. (2001)
HMMTOP 2.0 IMP Archaea and Gram− – Positive TMH prediction Tusnady and Simon (2001)
EffectiveT3 T3SS Gram− Gram-negative
bacteria
Prediction score ≥0.8$ Arnold et al. (2009)
T3SS_prediction T3SS Gram− Gram-negative
bacteria
Prediction score ≥0.8$ Löwer and Schneider
(2009)
PSORTb v3.0.2 OMP, LPP, EXT,
CW
Archaea and Gram− – Final prediction – outer membrane or
extracellular or cell wall***
Yu et al. (2010)
CELLO v.2.5 OMP, LPP Gram− – Final prediction – outer membrane*** Yu et al. (2006)
BOMP OMBB Gram− – Positive prediction (category 1–5) Berven et al. (2004)
HHomp OMBB Gram− – OMP probability ≥90$ Remmert et al. (2009)
PRED-SIGNAL GSP Archaea Archaea Positive “signal” prediction Bagos et al. (2009)
FlaFind Prepilin SP Archaea Archaea Positive prepilin signal detection Szabó et al. (2007)
PilFind Type IV pilin SP Gram− – Positive pilin signal peptide Imam et al. (submitted)
*Twin-arginine motif followed by a single charged residue (Rule: 3a, 3b) or basic residue following the twin-arginine and hydrophobic stretch (Rule 4).
**SPII, lipoprotein signal peptide; TAT, TAT signal peptide; GSP, general signal peptide; CMP, cytoplasmic membrane protein; T3SS, type 3 secretory signal peptide;
OMP, outer membrane protein; EXT, extracellular protein; LPP, leaderless periplasmic protein; OMBB, outer membrane β-barrel; Prepilin SP, prepilin signal peptide.
‡Gram −, Gram-negative bacteria.
***Periplasmic prediction used only when there is no consensus signal peptide prediction.
$User deﬁned the cutoffs.
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Table 2 | Logic for SCL prediction at the protein level.
Features Lipoprotein
SP
Consensus
TAT SP
Consensus
general SP
Consensus
TMH
Consensus
TMBB
ConsensusT3SS SP or
T4SS SP or extracellular
LOCALIZATION
Cytoplasm No No No No No No
Cytoplasmic membrane No No No 1 or more No No
Periplasm No Any one of the SP No No No
Lipoprotein Yes No No No No No
Outer membrane Any one of the SP No Yes No
Extracellular No Yes or no 0 or more No Yes
the best prediction of LipoP 1.0 (Juncker et al., 2003) was for a
signal peptidase II cleavage site. For TAT pathway signal peptide
prediction in ClubSub-P, both TatP 1.0 (Bendtsen et al., 2005) and
the rule-based predictor TatFind 1.4 (Rose et al., 2002) had to be
positive; the cutoff for a positive TatP 1.0 prediction was a MaxD
score above 0.36, while TatFind 1.4 requires the presence of the
twin-arginine motif and additional sequence features.
Five tools were combined for the consensus prediction of
general signal peptides: SignalP-HMM (with a default cutoff of
p = 0.5), SignalP-NN (with MaxD value above 0.44), Predisi (with
a default cutoff of p = 0.5), RPSP (with positive signal peptide), or
Phobius (with positive signal peptide prediction; Bendtsen et al.,
2004; Hiller et al., 2004; Käll et al., 2004). For a positive prediction,
three out of ﬁve tools were required to be positive; in this case,
a consensus SP cleavage site was predicted from the individual
cleavage site predictions. Here, Phobius was also used to differ-
entiate between the SP and TMH predictions (see below). If only
two tools predict the presence of a signal peptide with zero or one
consensus TMHs, the protein’s SCL is annotated as “Unknown” to
avoid false-positive predictions.
To reduce the false-positive prediction rate of type III signal
peptide prediction, positive predictions from both EffectiveT3
(Arnold et al., 2009) and T3SS_prediction (Löwer and Schneider,
2009) were required; predictions with scores ≥0.8 were considered
as positive type III signal peptides (Burstein et al., 2009). We used
a new, unpublished tool named PilFind (Imam et al., submitted)
to predict type IV secretion system (T4SS) signals.
If one or more SP were predicted for a protein, it was classiﬁed
based on the hierarchy described above (Figure 1), since there are
cases where Lipoprotein or TAT SPs are also predicted as general
SPs by general SP prediction tools, and taking into consideration
that the accuracy of T3SS and T4SS SP prediction tools is still
insufﬁcient.
Consensus transmembrane helix prediction. TMHMM (Krogh
et al., 2001), HMMTOP (Tusnady and Simon, 2001), and Phobius
(Käll et al., 2004) were used for the prediction of TMHs. For the
consensus TMH prediction, we ruled that a helix must be pre-
dicted independently by at least 2 of the tools used, over a length
of at least 10 residues. Consensus TMH prediction was avoided
over the length of previously predicted cleavable signal peptides,
because signal peptides are known to be frequently misinterpreted
as TMHs by TM prediction tools. The consensus TMH prediction
is displayed in Figure 2.
Consensus transmembrane β-barrel prediction. We used BOMP
(Berven et al., 2004), CELLO (Yu et al., 2006), PSORTb (Yu
et al., 2010), and HHomp (Remmert et al., 2009) to predict outer
membrane proteins (OMPs). Since classiﬁer-based predictions are
faster than sensitive search methods such as HHomp, only BOMP,
CELLO, and PSORTb were ran on all the sequences. If any one of
BOMP, PSORTb, or CELLO had a positive prediction for OMPs
in a cluster (see Subcellular Localization on the Level of Sequence
Clusters for details on clustering), we selected a random sequence
from the cluster and ran HHomp. When the sequence was pre-
dicted as OMP with probability above 90%, we annotated all the
sequences in the cluster as OM-localized TMBBs.
Consensus subcellular localization prediction. For the consen-
sus SCL prediction we applied rules based on the biology of
protein sorting along with the previously predicted protein fea-
tures as mentioned in the Table 2. The lipoprotein-sorting signal
is based on the amino acids after the SPII cleavage site and species-
speciﬁc (Juncker et al., 2003). Currently there is not sufﬁcient
experimental data to postulate a common sorting pattern for
all species. Thus, we annotated proteins with lipoprotein sig-
nal peptides and without TMHs as “IM/OM lipoprotein.” Also,
as there is insufﬁcient experimental data available to annotate
the extracellular presence of lipoproteins, we didn’t analyze the
further destination of lipoproteins (Pugsley et al., 1990). Pro-
teins featuring general Sec or TAT signal peptides and without
TMHs and TMBBs were annotated as “periplasmic.” Proteins pre-
dicted to be periplasmic by PSORTb v3.0.2 (Yu et al., 2010) and
CELLO v.2.5 (Yu et al., 2006) but without any signal peptide,
TMHs and TMBBs were also predicted as periplasmic. Addi-
tionally, they were tagged with a note stating that they could
be secreted via signal peptide-independent pathways (leaderless
pathways). Proteins with one or more consensus TMHs were
annotated as “cytoplasmic membrane.” Proteins with consen-
sus TMBB prediction containing one of the previously predicted
cleaved general, TAT, or lipoprotein signal peptides were anno-
tated as “outer membrane protein,” as OMPs are typically secreted
by SP-dependent pathways. The SCL of proteins with positive
TMBB predictions, but without any signal peptide predictions
were annotated as “Unknown”. Proteins predicted to be extra-
cellular by PSORTb or predicted to have a T3SS or T4SS signal
peptide were annotated as“extracellular.”Proteins without TMHs,
TMBBs, signal peptide, or extracellular prediction were annotated
as “cytoplasmic.”
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FIGURE 1 | Flowchart for SCL prediction at the level of single proteins.
Subcellular localization on the level of sequence clusters
To add homology information to single-sequence results in order
to improve the overall prediction quality, all protein sequences
from the DB_ClubSub-P dataset were clustered using CD-HIT
(Li and Godzik, 2006); the clustering parameters are given in the
Section “Datasets,” above.
Since we cannot infer homology from singletons, we skipped
291,727 singletons and used the remaining 1,620,033 sequences,
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which resulted in 174,028 clusters with sequence numbers ranging
from 2 to 1,667. If a fraction of 0.7 or above of all proteins in the
cluster have the same given SCL (i.e., 70% or more), this SCL is
considered the SCL of the respective cluster. Clusters where no sin-
gle SCLamounts to aprotein fraction≥0.7 (including“unknown”)
were annotated as “uncertain,” and details of the predictions are
kept available in the database for expert users to study further.Note
that “uncertain” clusters are different from “unknown” clusters, as
in the “unknown” ones most of the sequences show contradictory
predictions to the rules described in the above section. Dual local-
ization annotations were allowed only when two SCLs amounted
to a fraction ≥0.7. The cutoff of 0.7 was chosen because any higher
cutoff value leads to a steep increase in the number of “uncertain”
clusters (see Figure 3).
SUBCELLULAR LOCALIZATION PREDICTION FOR ARCHAEA
We created a similar protocol to expand ClubSub-P to archaeal
proteins. To this end,we used proteins from 65 archaeal proteomes
(shown inData Sheet S1 in SupplementaryMaterial).After remov-
ing 779 small proteins with length 40 and below, we obtained
151,553 proteins for clustering using CD-HIT (Li and Godzik,
2006) with the same parameters as above. This resulted in 22,184
FIGURE 2 | Consensus transmembrane helix prediction module. A
consensusTMH should be predicted by at least two tools. Signal peptides
frequently result in false-positive TMH predictions and are removed with
consensusTMH predictions.
clusters with cluster size two and above. We named this dataset as
DB_ClubSub-P_Archaea.
We used a similar parser to obtain a test dataset for Archaea.
We obtained all the reviewed archaeal sequences without any
“potential,” “by similarity,” or “probable” annotations in their
SCL. We thus obtained 744 archaeal sequences with SCL annota-
tion from UniProt Release 2011_07 (UniProt-Consortium, 2010).
Sequences with ≤40 aa length were removed from the dataset
and a non-redundant dataset with 40% sequence identity was
created using CD-HIT (Li and Godzik, 2006), resulting in 252
sequences for the performance test. We named this dataset
DB_experimental_Archaea.
For archaeal proteins, Lipoprotein, and TAT signal peptides
were predicted using the same tools (LipoP, TatP, TatFind) as for
Gram-negative bacterial proteins. For general signal peptide pre-
diction, SignalP in Gram-positive mode was used, and Predisi was
replaced by the tool PRED-SIGNAL (Bagos et al., 2009), which is
an archaeal signal peptide prediction program. Phobius was used
in default mode for the predictions. FlaFind (Szabó et al., 2007)
was used to predict archaeal prepilin signal peptides; here, a TMH
follows the signal peptide, and Prepilin peptidase cleaves the signal
peptide before the TMH (Szabó et al., 2007). Thus, the protein is
anchored to the membrane.
When two or more SPs were predicted, a consensus SP was
annotated using a similar hierarchy as described in Figure 1, with
the exception that there is no T3SS SP prediction for Archaea.
Consensus TMH prediction was performed the same way as for
Gram-negative bacteria. Archaeal proteins with TAT, general, or
prepilin signal peptides or with PSORTb extracellular predictions
(Yu et al., 2010) were annotated as “secreted/extracellular.” Pro-
teins with lipoprotein SP were annotated as “lipoproteins.” “Cell
wall” binding proteins were predicted using PSORTb’s cell wall
predictions (Yu et al., 2010). Proteins with one or more consen-
sus TMH prediction were annotated as “cytoplasmic membrane”
proteins. Proteins without any membrane domains or signal
peptides or cell wall annotations were annotated as “cytoplasmic”
FIGURE 3 |Threshold determination for the assignment of
subcellular localizations to whole clusters. (A) For Gram-negative
bacteria; (B) for Archaea. In both cases, the number of clusters
annotated as “uncertain” (i.e., with no SCL prediction above the
threshold) increases at 0.7 – to minimize the number of “uncertain”
clusters, cluster SCLs were assigned when a fraction of 0.7 or
above (=70%) of the proteins in a cluster are predicted to have a
given SCL.
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Table 3 | Logical rules used for archaeal SCL predictions.
Features Lipoprotein SP TAT SP General SP Prepilin SP ConsensusTMH PSORTb cell wall PSORTb extracellular
LOCALIZATION
Cytoplasm No No No No No No No
Cytoplasmic membrane Yes or no One or more Yes or no Yes or no
Cell Wall No Yes or no 0 or more Yes No
Secreted/extracellular No Any one of the SP 0 or more No Yes or no
proteins. Table 3 explains the rules for SCL prediction for
Archaea.
DATABASE
We built a database from the above SCL annotations, which we
named ClubSub-P, for“Cluster-based Subcellular localization Pre-
diction.” Results and input features are stored in SQL tables. The
database is integrated into the classiﬁcation section of the MPI
Bioinformatics Toolkit (Biegert et al., 2006). The database is fully
searchable using keywords or GI identiﬁers; moreover, FASTA
sequences can be entered and will be assigned to the appropri-
ate cluster through an internal BLAST search at >75% sequence
coverage and >40% identity cutoff.
EVALUATION
We used the previously described DB_Experimental datasets to
compare the performance of ClubSub-P with state-of-the-art SCL
prediction tools. We calculated the precision, recall, accuracy, and
theMathew’s correlation coefﬁcient (MCC) for performancemea-
sure. In the following equations TP stands for true positives, TN
for true negatives, FP for false positives, and FN for false negatives.
Precision is a measure of the ability of the system to predict
only the relevant data and it was calculated as the ratio between the
number of predicted true positives against all positively predicted
values, TP/(TP+ FP).
Recall is a measure of the ability of the system to predict all the
relevant data and was calculated as the ratio between the number
of predicted true positives against all true values, TP/(TP+ FN).
The accuracy of the system is deﬁned by the closeness of
its prediction toward the true values and was calculated by
(TP+TN)/(TP+TN+ FP+ FN).
The MCC calculates the correlation between the prediction
and the observation and was calculated by (TP ∗ TN) − (FP ∗
FN)/
√
((TP + FN) ∗ (TP ∗ FP) ∗ (TN + FP) ∗ (TN + FN)).
RESULTS
CLUSTERING USING THE PSORTb v3 GRAM-NEGATIVE BACTERIAL
TRAINING DATASET
As aﬁrst step,wehad tomake sure that the transfer of SCL informa-
tion between homologous proteins is legitimate, and at which cut-
offs for clustering (sequence identity and sequence coverage) this
is still a valid procedure. To this end, we tested various clustering
parameters using the 8,227 sequences in the DB_ePSORT dataset
at decreasing cutoffs. To avoid problems with multi-domain pro-
teins thatmight have different functions, and thus SCL,we decided
to keep high sequence coverage.At 40% sequence identity and 80%
sequence coverage, 6,136 sequences of the test set were clustered
into 1,023 clusters with at least two sequences. 964 (94.2%) of
these clusters had one common SCL for all of the proteins in the
cluster. 47 (4.6%) of the clusters contained proteins with mul-
tiple SCL annotations which partially overlapped, and only 12
(1.2%) of the clusters had proteins with contradictory SCLs in
them. Consequently, clustering done with the same parameters on
the DB_ClubSub-P dataset can be expected to a have high num-
ber of clusters with homologous sequences that have a common
SCL.
There are reports of orthologous proteins that have different
SCLs in different organisms as a result of different evolutionary
requirements. One prominent example is the glycerophosphoryl
diester phosphodiesterase GlpQ, which is a periplasmic enzyme
in E. coli, but is a surface-exposed lipoprotein in Haemophilus
inﬂuenzae (Protein D; Janson et al., 1992). Such cases are rare,
but they are easily missed when inferring their SCL from homol-
ogy alone. In the case of Protein D/GlpQ, the two proteins are
correctly predicted to have their respective – and different – SCL.
Thus, one should always have a close look at the single-protein
SCLs in cases where clustering leads to unclear or contradictory
localization information. The ClubSub-P database allows for such
manual inspection.
CLUSTER-BASED COMPARISON OF SIGNAL PEPTIDE AND
TRANSMEMBRANE PREDICTION TOOLS
Applying a feature prediction tool such as a signal peptide predic-
tor to sequences in a cluster of orthologous proteins should return
similar results for all the proteins in the cluster (with very few but
notable exceptions, see above). Inconsistency in such predictions
will most probably be due to a lack of precision of the respective
tool. Since different tools already use most of the proteins with
experimentally veriﬁed SCL in their training sets, examining the
performance of a tool at the cluster level is better suited to measure
its sensitivity in a larger dataset, and to compare different tools.
Figure 4 shows the performance of different signal peptide pre-
diction tools on our clusters produced from the DB_ClubSub-P
dataset. We used only clusters with more than four sequences in
this analysis; in detail, 66,716 clusters were included containing
1,341,180 sequences. If only <20% of the sequences in a cluster
were positively predicted to contain a signal peptide, these predic-
tions were assumed to be false positives; in a cluster with >80%
of the sequences positively predicted, the remaining differing
sequences were assumed to be false negatives.
Using these assumptions, we compared the TAT, type III, gen-
eral signal peptide, and IM helix prediction tools along with
their consensus predictions. Positive predictions from both TatP
(Bendtsen et al., 2005) and TaTFind (Rose et al., 2002) tools
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FIGURE 4 | Cluster-based comparison of signal peptide prediction
tools. Shown are the comparisons for TAT (A), T3SS (B), General signal
peptide (C) and transmembrane (D) prediction tools. The x -axis
describes how many sequences (in %) in a cluster are predicted to have
a signal peptide, where 10% means 0.1–10%, 20 means 10.1–20% etc.
The majority of clusters contains only sequences where no signal
sequence is predicted (0% positive results) – for clarity, these are
ignored in the graph.
were considered as a consensus TAT signal peptide. False-positive
predictions were largely reduced by these consensus predictions
(Figure 4A). This shows that most of the positive predictions in
clusters with <20% positives are in fact false-positive predictions
from the tools. A similar result can be seen with the consensus
prediction for type III signal peptides (Figure 4B), where we con-
sidered positive predictions from both T3SS_prediction (Löwer
and Schneider, 2009) and EffectiveT3 (Arnold et al., 2009) tools as
a consensus type III signal peptide. For consensus general signal
peptide prediction, we required at least three positive predictions
from highly precise general signal peptide tools (Choo et al., 2009)
like SignalP-HMM, SignalP-NN (Bendtsen et al., 2004), Predisi
(Hiller et al., 2004), RPSP (Plewczynskia et al., 2007), and Phobius
(Käll et al., 2004). Figure 4C shows the cluster-based comparison
for general signal peptide tools and the consensus made from their
prediction.
Similarly, we compared the performance of TMH prediction
by CELLO v.2.5 (Yu et al., 2006), PSORTb v3.0.2 (Yu et al., 2010),
Phobius (Käll et al., 2004), TMHMM 2.0 (Krogh et al., 2001), and
HMMTOP v2.0 (Tusnady and Simon, 2001; Figure 4D), assuming
that prediction of at least one TMH indicates that the protein is
a transmembrane protein. The result clearly shows the high false-
positive rate of HMMTOP predictions (Figure 4D), compared to
the predictions of the other tools. However, the consensus TMH
prediction of Phobius, TMHMM 2.0, and HMMTOP v2.0 (see
Materials and Methods) eliminated most of these false-positive
predictions.
Such comparisons of different prediction tools help in selecting
the best tools for consensus predictions; alternatively, one could
use this performancemeasure toweigh different tools, givingmore
importance to tools that performed better.
CLUBSUB-P DATABASE STATISTICS
The core of the cluster-based SCL prediction is the ClubSub-
P database. Of 2,331,935 retrieved sequences, 404,542 identical
sequences and 15,633 sequences with less than 40 residues and
were removed. The remaining 1,911,760 sequences were clus-
tered using CD-HIT (Li and Godzik, 2006). We used 40% local
sequence identity at 80% sequence coverage for clustering, When
these settings were applied, 1,620,033 sequences (84.74%) were
clustered into 174,028 clusters with size range from 2 to 1,677 and
291,727 proteins (15.26%) appeared to be singletons, meaning
these sequences do not have any homolog among the sequences
in the database at these settings. These singletons were not ana-
lyzed in detail, since no homology information can be inferred
for them. Note though that with expansion of the database, these
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proteins might fall into newly formed clusters at a later time point
as discussed below.
We were able to annotate the SCL of 1,500,778 of 1,620,033
sequences that are grouped in clusters of at least two sequences,
which is 78.50% of the sequences used in clustering (1,911,760
sequences – note again that singletons, i.e., sequences that do not
fall into clusters, are excluded from our predictions). For compar-
ison, PSORTb v3.0.2 annotates 71.25% of all sequences used in
our clustering approach (1,362,110 of 1,911,760 sequences). The
details of the ClubSub-P prediction statistics for Gram-negative
bacteria are shown in Table 4.
MULTIPLE SUBCELLULAR LOCALIZATION PREDICTIONS
In addition to the common SCL classiﬁcations in Gram-negative
bacteria, we found clusters of proteins with features that corre-
spond to two different SCLs, e.g., “extracellular” proteins that
have signal peptides for secretion to the “periplasm,” “extracel-
lular” proteins with “TMHs” to get inserted into host membranes,
and “OM β-barrel” proteins with a “lipoprotein” signal peptide.
In many cases, experimental evidence for these double localiza-
tions exists, demonstrating that they are not artifacts of our SCL
prediction pipeline. As an example, the “Pertussis toxin subunit
1” (UniProt ID – TOX1_BORPE/gi|33594638) is predicted by
ClubSub-P to have an “extracellular” and a “periplasmic” local-
ization; by experimental evidence (Farizo et al., 2002) it is an
extracellular protein that is ﬁrst secreted to the periplasmusing the
general signal peptide pathway, and only subsequently is secreted
to the extracellular space. Moreover, the “Outer membrane pro-
tein oprM”(UniProt ID–OPRM_PSEAE/gi|116054158;Nakajima
et al., 2000) has been shown experimentally to be attached to the
OM via a lipid anchor, while it also spans the OM with a TMBB
domain. ClubSub-P predicts OprM to be an OM β-barrel protein
as well as a lipoprotein. A prominent example for “extracellu-
lar” and “transmembrane” localization are proteins secreted by
pathogens to insert in to the host membrane, such as the needle
Table 4 | Statistics of the ClubSub-P database.
ClubSub-P subcellular localizations No. of
clusters
No. of
proteins
Cytoplasmic 95,191 1,023,339
Cytoplasmic membrane 33,814 304,996
Periplasmic 15,261 107,602
Inner/outer membrane lipoprotein 4,471 27,711
Outer membrane beta-barrel 3,011 20,976
Extracellular 1,319 8,250
Extracellular AND transmembrane helix 733 3,582
Extracellular AND signal peptide 540 2,930
Outer membrane beta-barrel AND lipid anchor 124 1,572
Uncertain1 18,388 113,286
Unknown2 1,356 5,969
1Uncertain are the clusters where none of the SCLs, including “unknown,” are
above the 70% threshold.
2Unknown are the clusters where “unknown” SCL was above the threshold of
70%.This is usually due to contradictory SCL predictions.
tip components of the Type III secretion apparatus (Marlovits
and Stebbins, 2010); and indeed, we ﬁnd SipB from Salmonella
(UniProt ID– SIPB_SALTY/gi|62181387) among the proteinswith
both extracellular and transmembrane localization. Thus, double
localizations in our database, while sometimes counterintuitive,
can reﬂect important information on complex secretion pathways.
PERFORMANCE MEASURE
The performance of ClubSub-P was compared to PSORTb v.3.0.2
(Yu et al., 2010) and CELLO v.2.5 (Yu et al., 2006). We calculated
the precision, recall, accuracy, and MCC.
Unfortunately, the Proteome Analyst prediction server (Lu
et al., 2004) is not active any more, thus we could not compare
ClubSub-P against it. A recently published database for SCL pre-
diction of Gram-negative bacteria,CobaltDB v1 (Goudenège et al.,
2010), provides meta predictions for different signal peptide and
secondary structural features; however, it does not combine these
results to annotate a ﬁnal SCL for the proteins. For this reason we
could not use CobaltDB in our performance measure.
Dual localization predictions were considered for all the tools
compared in the performance measure, but only CELLO and
the UniProt original annotations had proteins with dual anno-
tations in our test dataset. However, proteins with more than two
localization predictions in CELLO v.2.5 were not considered and
annotated as unknown. In cases where two different SCLs for a
single protein are either predicted by a tool or given from UniProt
data in the test set, a hit is considered as “true positive” if at least
one of the localizations matches. All the “Unknown” predictions
were considered as false negatives in our performance measure-
ments. Sequences from test datasets were used to search against
the ClubSub-P database, in order to assign their SCL. Only hits
with sequence identities above 40% and pairwise alignment cov-
erage above 75% were annotated to the corresponding cluster
and sequences with no hits or below this cutoff were assigned
as “Unknown”. The hits with “Uncertain” localization (see Mate-
rials and Methods) were also considered as “Unknown” for the
performance measurements.
The results of the performance measurement are shown in
Table 5. With the DB_Experimental test dataset, ClubSub-P
(83.85%) shows a higher precision than PSORTb v3.0.2 (80%)
and CELLO v2.5 (66.67%). Since the recall value for periplasmic
proteins (15.79%) is very low for PSORTb v3.0.2, the overall recall
value of PSORTbv3.0.2 (54.55%) is lower than that of CELLO
(70.18%) and ClubSub-P (62.64%). Overall, the accuracy of all
tools is comparable. Since we considered any one of correct dual
localization predictions as “true positive,”CELLO’s overall perfor-
mance (0.6) in terms of MCC is comparable to PSORTb (0.59).
ClubSub-P has a superior overall performance (MCC 0.67). In
summary, ClubSub-P has a higher precision than PSORTb and
CELLO, showing that its strength is a reduced false-positive rate
through the use of homology information.
INCORRECT START CODONS RESULTING IN MISANNOTATED SIGNAL
PEPTIDES
A known problem in SCL prediction is the quality of the
input sequences; especially the exact start position for proteins
with N-terminal signal peptides is essential. In the course of
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our analysis, we noted that in clusters where the majority of
sequences are predicted to contain an N-terminal signal peptide,
the false-negative results typically stem from misannotated start
Table 5 | Performance measurement for different Gram-negative
bacterial subcellular localization prediction tools.
Location Precision Recall Accuracy MCC
PSORTbv3
Cytoplasm 66.67 74.42 83.93 0.6
Inner membrane 90 58.06 90.68 0.68
Periplasm 60 15.79 89.41 0.27
Outer membrane 55.56 62.5 95.88 0.57
Extracellular 100 50.67 78.24 0.6
Total 80 54.55 87.6 0.59
CELLO
Cytoplasm 62.32 100 84.34 0.7
Inner membrane 94.12 61.54 92.95 0.73
Periplasm 58.62 89.47 91.3 0.68
Outer membrane 28.57 75 89.7 0.42
Extracellular 86.36 50.67 74.25 0.5
Total 66.67 70.18 86.38 0.6
CLUBSUB-P
Cytoplasm 72.22 88.64 88.17 0.72
Inner membrane 100 53.57 91.77 0.7
Periplasm 73.68 73.68 94.12 0.7
Outer membrane 87.5 87.5 98.82 0.87
Extracellular 100 45.33 75.88 0.56
Total 83.85 62.64 89.73 0.67
codons. When we corrected such gene annotation errors in the
sequence, the signal peptides were correctly predicted in most
cases. We found examples for both possible cases, where the
misannotated start codons either extended or shortened the
sequence N-terminally. Examples for these cases are shown in
Figure 5; the sequences in this cluster that contained misanno-
tated start codons were not predicted to contain a signal pep-
tide, but had a OM beta-barrel annotation and thus were anno-
tated as unknown, while the correctly annotated sequences in
the cluster were predicted to be OM beta-barrel protein with a
lipid anchor. The SCL annotation of the cluster reassigns them
to OMP proteins with lipid anchor via the cluster consensus
annotation, which shows one strength of ClubSub-P, the addi-
tional use of homology information on top of single-sequence
predictions.
Overall,we found3,558proteinswith false-negative predictions
in different clusters of proteins with signal peptides (annotated as
periplasmic, OMP, OMP with lipid anchor, lipoproteins, or extra-
cellular with signal peptide). These 3,558 proteins were spread
across 547 of the 607 genomes that we used in this study, and
were present in 2,222 different clusters (Data Sheet S2 in Supple-
mentary Material). These errors were signiﬁcantly accumulated
in certain genomes compared with the rest of the genomes in
the database (Table 6). This could be due to differences in the
gene prediction and ORF ﬁnder methods used in the gene anno-
tation process. But as we can easily ﬁnd these mistakes only in the
signal peptide-containing clusters, we cannot provide good statis-
tical data on the performance of the different gene prediction
pipelines – there might be additional misannotations in other
proteins that do not have an N-terminal signal peptide.
FIGURE 5 | Cluster alignment and start codon mispredictions
(sequences are labeled with gene identifiers).The alignment shows
extended and shortened ends of orthologous sequences at the DNA
level. Wrong extensions are colored in red, and shortened sequences
are highlighted in yellow. Corrected sequences with alternative start
codons are shown in bold. These corrections in most cases lead to
corrected predictions of signal peptides. For clearer view, sequences
are chopped.
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Random manual checking revealed that most of the 3,558 pro-
tein sequences with false-negative signal peptide predictions have
a mispredicted start codon on the DNA level. Studies have shown
that the biased use of the uncommon start codons GUG and UUG
over AUG is common among mispredicted start codons (Starmer
et al., 2006; Pallejà et al., 2008). Conﬁrming these ﬁndings, we also
found a biased use of uncommon start codons among the above
mentioned 3,558 proteins. The frequency of start codon usage
in all bacterial coding sequences (3,690,458 sequences) used for
this analysis is AUG (80.7%), GUG (12.6%), UUG (6.5%), and
other start codons (0.2%). But the gene start codon frequencies
of the 3,558 falsely predicted proteins are AUG (62.73%), GUG
(21.61%), UUG (12.45%), and other start codons (3.2%), again
showing that these gene predictions need revision.
We wanted to check if we could detect signal peptides from
the genes with alternative start codons after re-annotation. Pro-
TISA (Hu et al., 2008) is a database which combines transla-
tion initiation site (TIS) information from different sources, e.g.,
from experimental Swiss-Prot annotations, conserved domain hits
and from alignments of orthologous sequences, to reﬁne the
RefSeq TIS annotations. Unfortunately, it doesn’t cover all the
proteomes we used in our database; thus, we used the alterna-
tive start codons predicted by gene prediction programs instead
(see above). The NCBI RefSeq FTP site provides updated gene
predictions for all sequenced bacterial genomes, based on the
latest version of four gene prediction programs [GeneMark-
2.5m (Borodovsky and Mcininch, 1993), GeneMarkHMM-2.6r
(Borodovsky and Lukashin, 1998), Glimmer3 (Delcher et al.,
2007), and Prodigal-2.50 (Hyatt et al., 2010)]. To obtain more
quantitative information on the phenomenon, we used this
precomputed data to ﬁnd an alternative start codon for the
3,558 proteins with false-negative signal peptide predictions
(see methods), which translates into a protein with a signal
Table 6 | Genomes with multiple signal peptide/start codon errors in
secretory clusters.
Replicon name Number of alternative
start codons*
Replicon
ID
Acinetobacter baumannii ATCC
17978
104 NC_009085
Cronobacter turicensis z3032 62 NC_013282
Pseudomonas putida S16
chromosome
27 NC_015733
Shewanella violacea DSS12
chromosome
27 NC_014012
Caulobacter crescentus CB15
chromosome
25 NC_002696
Klebsiella pneumoniae subsp.
pneumoniae MGH 78578
chromosome
21 NC_009648
Shewanella piezotolerans WP3
chromosome
20 NC_011566
*Found in protein clusterswith signal peptide annotationwhere single-sequences
lacked the signal peptide. Only genomes with more than 20 erroneous proteins
are shown.
peptide according to SignalP-HMM. Together, 2,290 sequences
with an alternative start leading to a positive signal peptide
prediction were found by one or several gene prediction pro-
grams. Of these 2,290 positive predictions, GeneMark-2.5m
predicts 69.91% (1,601), GeneMarkHMM-2.6r predicts 72.79%
(1,667), Glimmer3 predicts 66.86% (1,531), and Prodigal-2.50
predicts 84.93% (1,945). The numbers do not signiﬁcantly
change by using LipoP or Phobius instead of SignalP-HMM. The
details of the alternative start codons with positive signal pep-
tide predictions are given in Data Sheet S2 in Supplementary
Material.
SUBCELLULAR LOCALIZATION IN ARCHAEA
Archaea have a comparable cellular architecture to Gram-positive
bacteria, except that instead of a peptidoglycan layer, different
types of surface layers made from proteins, glycoproteins, or
pseudo-murein are observed (Ellen et al., 2010). As there are no
specialized SCL prediction programs available for Archaea other
than the recently published PSORTb v3.0.2 program (Yu et al.,
2010), we combined different feature prediction tools along with
homology information in the same way as described above for
Gram-negative bacteria.
As a result we were able to assign unambiguous SCLs to 69.21%
of all proteins obtained from the 65 archaeal proteomes (104,896
of 151,553), where PSORTbV3.0.2 annotates 86.99% (131,839 of
151,553). When exclusively looking at proteins found in clusters
with size two and above, i.e.,where homology information is avail-
able, ClubSub-P can annotate 96.35% (104,896 out of 108,872) of
proteins with an unambiguous SCL,where PSORTbv3.0.2 predicts
only 89.42% (97,349 of 108,872).
ClubSub-P archaeal SCL annotation statistics are found in
the Table 7. Just like in the Gram-negative SCL predictions, we
also found clusters of archaeal proteins with multiple localiza-
tions, such as “Secreted/extracellular AND membrane anchor”
and “Cell wall AND membrane anchor.” We annotated these
combinations separately as we assume that, again as for Gram-
negative bacteria, these double localizations have a biological
signiﬁcance. In detail, proteins with a predicted signal peptide
and one consensus membrane helix prediction were annotated
as “Secreted/extracellular AND membrane anchor.” This also
includes the proteins with prepilin signal peptide. Proteins with
a cell wall prediction and one or two consensus membrane
Table 7 | ClubSub-P archaeal SCL prediction statistics.
Cluster’s subcellular localizations No. of
clusters
No. of
sequences
Cytoplasmic 15,592 84,978
Cytoplasmic membrane 4,535 17,158
Secreted/extracellular 399 1,157
Secreted/extracellular with membrane anchor 244 804
Lipoprotein 181 572
Cell wall 57 189
Cell wall with membrane anchor 14 38
Uncertain 1,139 3,921
Unknown 23 55
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helix predictions were annotated as “Cell wall AND membrane
anchor.” Note that membrane anchor in this context means a
single N-terminal transmembrane helix that anchors proteins to
the cytoplasmic membrane.
Since there are very few archaeal proteins with experimentally
annotated SCLs, most of these proteins are already included in
the training sets of the tools we used in the consensus predic-
tion, which makes the calculation of benchmarks very difﬁcult.
But, using the experimentally veriﬁed 252 archaeal sequences from
UniProt,we were able to show that ClubSub-P has a slightly higher
precision than PSORTbV3.0, but with a lower recall value. Overall,
both tools are comparable in performance. Details on the perfor-
mance of ClubSub-P with archaeal proteins are found in Table 8.
With the addition of more archaeal proteomes from genomic
data, and with the inclusion of further tools specialized on SCL
prediction of archaeal proteins, ClubSub-P will be able to predict
the archaeal SCLs more precisely in the future.
CLUBSUB-P AVAILABILITY
We introduced the ClubSub-P database into the classiﬁca-
tion section of the MPI Bioinformatics Toolkit, a platform
that integrates a great variety of tools for protein sequence
analysis (Biegert et al., 2006). ClubSub-P can be found at
http://toolkit.tuebingen.mpg.de/clubsubp. Users can browse the
database to view the precomputed results, or they can annotate
their query sequences by searching the database using BLAST.
Table 8 | Performance measurement of ClubSub-P archaeal
predictions.
Precision Recall Accuracy MCC
PSORTb v3.0.2 98.8 98.02 99.2 0.98
ClubSub-P 99.55 86.77 96.46 0.91
FIGURE 6 | ClubSub-P database screenshots.
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ClubSub-P is interconnected with other tools in the toolkit, so
users can easily forward their results to other tools for further
analysis. Screenshots of the ClubSub-P database are shown in
Figure 6.
DISCUSSION
Annotating the SCL of a protein is an important step in char-
acterizing the native function of a protein. Thus, computational
SCL predictions have gained importance in the post-genomic era,
and various tools exist for this purpose. When combing different
SCL predictors to create a meta-SCL predictor, it is important to
select the best available individual predictors. We have developed
a cluster-based meta-SCL prediction method for archaeal and
Gram-negative bacterial proteins, by combining different pub-
lished tools through consensus voting and protein sorting rules. In
addition to the consensus SCL prediction for each single sequence,
sequences are clustered according to their similarity. This homol-
ogy information is exploited to eliminate false-positive and false-
negative results. The performance of our tool is comparable with
state-of-the-art SCL prediction methods, but with more precision
(where precision is a measure of the ability of the system to predict
only the relevant data, see Materials and Methods). In addition to
the general SCLs, we were able to annotate more speciﬁc localiza-
tions, such as “OMP with lipid anchor,”“extracellular protein with
transmembrane helix,” and “transmembrane with TAT or general
signal peptide” for certain protein clusters, by combining differ-
ent feature prediction tools. When more of such speciﬁc feature
prediction tools become available we can include them into our
prediction pipeline easily, and can annotate more speciﬁc local-
izations in a very precise way. In the cluster-based comparison
of predictions for orthologous proteins, we have shown that there
are inconsistencies between different predictionmethods.We have
demonstrated that by obtaining a consensus prediction from dif-
ferent tools,we can greatly reduce the number of false-positive pre-
dictions for single sequences. Furthermore, combining the single
SCL predictions on the level of clusters further increases the preci-
sionof the predictions. The incorporationof additional proteomes
from new sequencing projects will further decrease the number
of singletons and will signiﬁcantly increase the coverage and the
precision of the SCL predictions of ClubSub-P in the future.
The pipeline can be expanded to other organism groups eas-
ily, as we show with the example of Archaea. Archaea are espe-
cially interesting in this context as comparably little experimental
information is available for them. As only few reliable SCL pre-
diction tools trained speciﬁcally on archaeal datasets are available,
ClubSub-P is at an advantage as it combines different tools into
a (more reliable) consensus prediction, and uses homology infor-
mation where available to exclude most false-positive and false-
negative predictions. Though the recall value is lower than that
of PSORTb, the overall performance will increase dramatically
by adding more sequenced archaeal genomes for clustering, and
with new and Archaea-speciﬁc SCL prediction tools which can be
incorporated into ClubSub-P easily.
The database can be used for a variety of applications. One
obvious application is in genome annotation, where we show
how misinterpreted start codons can be detected through SCL
predictions and the use of homology information. We originally
produced the database to screen for conserved immunogenic epi-
topes localized on the bacterial cell surface, in order to identify new
vaccine candidates which would protect from diseases caused by
Gram-negative human pathogens. Using the protein clusters with
OM or extracellular localization, one can ﬁnd conserved proteins
which could be useful vaccine candidates or diagnosis markers
speciﬁc to the bacterial species present in these clusters.
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